Abstract
Introduction 45
Human activities have a profound influence on river discharge, hydrological extremes, and water-46 related hazards, like flooding, droughts, water scarcity, and water quality issues (Van Loon et al., 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 2 incorporation of dam and reservoir operations; the representation of human water use and return 52 flows; and the representations of land use, land management, and land cover change (Pokhrel et al., 53 2016; Wada et al., 2016a Wada et al., , 2017 . 54
55
GHMs are widely used in scientific studies. For example, they have been used to assess the historical 56 and future impacts of socioeconomic developments and/or hydro-climatic variability and change, on 57 freshwater resources, droughts, and water scarcity (Biemans et (IPCC, 2007 (IPCC, , 2013 . 68
69
As GHMs continue to improve in terms of detail, granularity, and speed, their importance for global, 70 regional, and local applications is likely to increase further (Bierkens, 2015) . Therefore, it is essential 71 to have a thorough understanding of how well these GHMs represent real-world hydrological 72 conditions. However, most GHM validation studies are limited to near-natural river catchments and 73 make use of naturalized discharge data (Beck et al., 2016; Gudmundsson et al., 2011 Gudmundsson et al., , 2012 2012; Wada et al., 2011 Wada et al., , 2013a Wada et al., , 2014a . 78
79
To date, a comprehensive validation of the ability of multiple GHMs to represent the influence of 80 human activities on discharge and hydrological extremes in near-natural and managed catchments is 81 missing. As a result, there is a limited understanding of whether (and where) the parameterizations of 82 human activities in GHMs leads to an increase (or decrease) in model performance. To address this 83 issue, the main objectives of this study are: (a) to evaluate the performance of five state-of-the-art 84
GHMs that include the parameterizations of human activities in their modelling scheme; and (b) to 85 compare the performance of these GHMs when run with and without human impact 86
parameterizations. 87 88
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Parameterizations of hydrological processes 116
Each GHM in this study is forced with daily (MATSIRO: three-hourly) inputs from the GSWP3 117 historical climate data-set (http://hydro.iis.u-tokyo.ac.jp/GSWP3 by multiplying the area equipped for irrigation with its utilization intensity, the total crop-specific 151
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Selecting observed river discharge data 178
Observed monthly river discharge data were taken from the Global Runoff Data Centre (GRDC, 179 56068 Koblenz, Germany). From the 9,051 gauging stations in the GRDC database, we selected 180 stations that meet the following criteria: (1) a minimum of 5-year coverage (not necessarily 181 consecutive) during the period 1971-2010 with a completeness of observations of ≥95%; and (2) a 182 minimum catchment area of 9,000 km 2 , to omit catchments whose hydrological processes cannot be 183 adequately represented by models operating at 0.5° x 0.5° (Hunger and Döll, 2008) . Finally, we 184 discarded the stations for which the difference in catchment area in GRDC database and that 185 estimated by using the DDM30 river routing network (Döll and Lehner, 2002 
210
Each dot shows a GRDC station (n = 9,051) from the station catalogue. Blue dots indicate all GRDC stations (n 211 = 471) that meet the selection criteria, whereas the red dots refer to the stations (n = 92) that are located at the 212 outlet of a catchment. The green dots indicate those stations (n = 12) that were selected for detailed analyses.
214

Evaluating model performance 215
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7
To evaluate the GHMs' simulation of monthly discharge and hydrological extremes under HIP and 216 NOHIP conditions, we compared modelled results with observed river discharge data using several 217 evaluation metrics described below. To ensure a consistent comparison between modelled and 218 observed data, we only used modelled data for the same years for which observations were available. 219
We also corrected modelled discharges for potential over-/underestimations caused by the difference 220 in catchment size between model and GRDC. To do this, we used a multiplier that represents the 221 difference in upstream area as reported by the GRDC and as estimated from the DDM30 network. 222
223
First, we applied the modified Kling-Gupta Efficiency index (KGE) with its sub-components: the 224 linear correlation coefficient (rKGE); the bias ratio (βKGE); and the variability ratio (γKGE) ( . By means of a two-sample Kolmogorov-Smirnov (KS) test (Massey, 1951 ; p ≤ 0.05) we 241 tested how often HIP leads to significant changes in the fit of the full modelled exceedance 242 probability curve for hydrological extremes compared to the full observed exceedance probability 243 curve. 244 245 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 
252
Results 253
Validation and influence of human impact parameterizations on overall model performance 254
Including the parameterizations of human impacts in the GHMs leads to a large improvement in 255 overall model performance. Hydrological performance under the HIP simulations shows a significant 256 improvement compared to the NOHIP simulations for between 40.8% and 72.3% of the land area 257 studied, depending on the GHM (figure 3a). For most GHMs, the positive effects of including HIP in 258 the simulations outweigh the negative effects. This is the case for both near-natural and managed 259 catchments, although the positive effects are more pronounced for the managed catchments ( figure  260   3a-d) . Near-natural catchments are only indirectly impacted by HIP, for example by receiving 261 improved or altered water simulations from upstream managed catchments. The KGE sub-262 components show significant improvement in performance in large shares of the land area studied, 263 especially for the bias and variability ratio. The bias ratio improves significantly for 36.1-73.0% of the 264 total land area for all catchments, compared to 64.8-90.6% and 24.3-70.4% in managed and near-265 natural catchments respectively (figure 3b). For the variability ratio, improvements were found for 266 31.4-74.4% of land area for all catchments (48.9-92.6% for managed / 23.0-73.2% for near-natural) 267 (figure 3c). The lowest improvements are found for the correlation coefficient, with improvements for 268 15.9-58.1% of total land area for all catchments (22.1-75.1% for managed /13.9-61.4% for near-269 natural) (figure 3d). 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
307
For each catchment (and therefore its associated land area), it is possible to distinguish which of the 308 KGE sub-parameters contributes most to sub-optimal performance. These results are summarised in 309 figure 5. The results show that under HIP conditions, the bias ratio contributes most to sub-optimal 310 performance in managed catchments for most GHMs, except WaterGAP2 (for which the correlation 311 coefficient contributes most). For near-natural catchments, sub-optimal performance is most often 312 caused by the variability ratio for H08, LPJmL and WaterGAP2, by the bias ratio for MATSIRO, and 313 by the correlation coefficient for PCR-GLOBWB. of dominant contributors to the sub-optimal overall hydrological performance is similar for H08, 317
LPJmL, and PCR-GLOBWB. For these GHMs, we find a dominant contribution of the bias ratio in 318 Southern Africa, Australia, and inland U.S. Dominant contributions of the variability ratio and the 319 correlation coefficient for these GHMs are found in Latin America, and at higher latitude and altitude 320 regions. For Europe, the dominant contributions for H08, LPJmL, and PCR-GLOBWB are the 321 variability ratio, the correlation coefficient, and the bias ratio respectively. The dominant contributors 322 that cause sub-optimal overall hydrological performance for MATSIRO and WaterGAP2 are more 323 equally distributed across the globe. While sub-components contribute to sub-optimal overall 324 hydrological model performance for MATSIRO, it is predominantly the correlation coefficient and 325 the variability ratio that determines the sub-optimal performance in WaterGAP2. 326 327 26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
360
Page 12 of 27 AUTHOR SUBMITTED MANUSCRIPT -ERL-104434. R2   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Figure 7 indicates that for the majority of stations, the inclusion of HIP leads to an improvement in 362 the representation of hydrological extremes, for most GHMs. A deterioration in the representation of 363 hydrological extremes across the majority of GHMs as a result of the inclusion of HIP was only found 364 in selected areas, for example at higher latitudes and along the east-coast of the U.S.. When 365 comparing the results for the Q 1 high-flows with the Q 99 low-flows, no large differences in the spatial 366 distribution of the number of GHMs with a significant improvement or deterioration are found. 367
368
The effects of HIP on the magnitude of extreme discharge differ for low-flows and high-flows 369 
Discussion 376
Our results show that including HIP in GHMs generally improves the overall hydrological 377 performance of the models, as well as their representation of hydrological extremes. However, we 378 also show that further improvements are needed. In this section, we discuss: (1) possible reasons for 379 the improved model performance due to HIP; (2) the main limitations of the current modelling 380 frameworks and their representation of HIP, and potential ways to improve them; and we reflect on 381 (3) general limitations in the current study design and provide suggestions for further research. 382 383
Improvements in model performance due to HIP and challenges ahead 384
Whilst the inclusion of HIP predominantly leads to the largest improvements in simulated discharge 385 in the managed catchments, simulated discharge is also improved in a large share of the near-natural 386
catchments. Improvements in model performance associated with the inclusion of HIP can be 387 attributed to improvements in the different KGE sub-components, and in turn to different model 388 components parameterizing the hydrological and human processes. In addition, insights into those 389 factors bounding the optimal hydrological model performance under HIP conditions may help to 390 identify priorities for further model improvement. 391
Representation of long-term mean discharges (bias ratio) 392
Our study shows that the representation of long-term mean discharges significantly improved with the 393 inclusion of HIP, especially in managed catchments. Inclusion of HIP generally results in lower 394 simulated discharges. As most GHMs systematically overestimate river discharges in the NOHIP 395 simulation, this results in an improved performance. When HIP is included, we only find a 396
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However, despite improvement in the bias ratio with the inclusion of HIP, this KGE sub-indicator 403 contributes most to sub-optimal performance in managed catchments for H08, LPJmL, MATSIRO, 404
and PCR-GLOBWB under HIP conditions. As the GHMs continue to overestimate long-term mean 405 discharges in most cases under HIP conditions, future model improvements should be targeted to 406 correcting this bias in these locations. This may be achieved by critically revisiting the methods used 407 
Representation of hydrological variability (variability ratio) 418
The inclusion of HIP leads to mixed results regarding the representation of hydrological variability. 419
Whilst HIP improved the representation of variability in some catchments and for some GHMs, it 420 The variability ratio is the KGE sub-parameter that contributes most to the sub-optimal performance 428 in near-natural catchments with the inclusion of HIP, for H08, LPJmL, and WaterGAP2. These 429
GHMs significantly overestimate hydrological variability in near-natural catchments (except 430
WaterGAP2, which underestimates variability in managed and near-natural catchments), and model 431 improvement should therefore focus on better representing the speed of hydrological response, e.g. 432 9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t 15 through an improved representation of the soil moisture storage capacity or the ratio between surface 433 and sub-surface runoff (supplementary table 1.A) . In those cases where the variability ratio is also 434 the KGE sub-parameter that contributes most to sub-optimal performance in managed catchments, 435 model improvement should target the timing of water abstractions, return flows, and reservoir 436 management (supplementary table 1.F-H) . 437 438
Representation of the goodness-of-fit (correlation coefficient) 439
The inclusion of HIP only led to improved correlation coefficients in limited cases, and often resulted 440 in a deterioration, even in managed catchments. Correlation coefficients between observed and 441 modelled discharges, which are predominantly determined by the hydro-meteorological forcing data 442 
F-H). 447
Under HIP conditions, the correlation coefficient is the KGE sub-parameter that contributes most to 448 sub-optimal performance only in PCR-GLOBWB for near-natural catchments and WaterGAP2 for 449 table 1.F-H) . 456
Representation of hydrological extremes 457
The inclusion of HIP also led to significant changes in the ability of most GHMs to represent 458 hydrological extremes (both high-and low-flows), although the strength of this change is very much 459 dependent on the location and GHM in question. Whilst the magnitude of high-flow estimates mainly 460 decreased due to the inclusion of HIP, low-flow estimates showed mixed results. This is because the 461 impacts of human activities tend to be greater for lower discharges, as the relative 'size' of human 462 However, even with inclusion of HIP, the representation of hydrological extremes is sub-optimal. 466
Future model improvements should aim to better characterize these extremes and to improve the 467 representation of human activities during extreme hydrological conditions. 468
Page 15 of 27 AUTHOR SUBMITTED MANUSCRIPT -ERL-104434. R2   1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t
469
Limitations and further research 470
As the GHMs have very different parameterizations of hydrological and human processes, the current 471 study does not allow a systematic assessment of specific cause-effect relations between HIP and the 472 observed improvements in performance (Döll et for all GHMs (Döll et al., 2016) . Undertaking such an analysis in parallel for the different GHMs 476 incorporated is computationally expensive and requires a strict modelling-protocol. It may provide, 477 however, additional information on how to adapt and improve the individual models and would be a 478 valuable addition to the results presented in this study. 479
480
When interpreting the results of this study one must take into account that we only evaluated the 481
GHMs with respect to monthly discharge. Whilst monthly discharge may be sufficient for the 482 assessment and management of low-flows, droughts, and freshwater resource availability, flood risk 483 assessment and management require information on daily peak discharge. Further research should 484 therefore attempt to validate GHMs using daily peak discharge and assess how daily peak discharge is 485 affected by the inclusion of HIP. 486
487
The spatial resolution of the GHMs applied in this study is 0.5° x 0.5° (~50 km x 50 km at the 488 equator), dictated by the resolution of the GSWP3 input dataset. At a 0.5° spatial resolution 489 hydrological processes are often represented by GHMs in a simplified or generalized form not fit for 490 local applications (Bierkens, 2015) . To account for this, we applied a minimum catchment size of 491 9,000 km 2 , thereby omitting catchments too small to be adequately represented by GHMs (Hunger 492 In this study, a relatively simple distinction was made between managed and near-natural catchments 500 using two parameters: irrigated agriculture and reservoirs. These parameters were chosen as they have 501 been reported to be the most significant human parameters on river hydrology (Beck et al., 2016, 502 2017a). However, to make a more detailed distinction between catchments that are impacted by 503 human activities and those that are not, future studies could consider incorporating additional criteria, 504 such as the share of sectoral water abstractions and return flows, and the share of built-up land area. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 A c c e p t e d M a n u s c r i p t Additional catchment descriptors (Eisner, 2016) , like climate conditions and physiographic properties 506 of the drainage area, could also be applied to further assess the important controls on modelled 507
discharges. 508 509
When evaluating the impact of HIP on hydrological extremes we only incorporated results for the Q 1 510 high-flow and Q 99 low-flow. In this study we did not consider other ranges of the extreme value 511 distribution explicitly. Although the inclusion of HIP shows influences these hydrological extremes 512 substantially, we found very few instances in which this led to a significant change in the full 513 exceedance probability curve . Future research should therefore also incorporate other ranges of the 514 probability exceedance curve in order to do a full assessment of the influence of HIP on high-and 515 low-flow extremes. 516
Next to the parameterizations and representation of hydrological processes and human impacts, other 517 sources contribute to the uncertainty in the modelling of discharges and hydrological extremes. , 518
These include the quality of, and uncertainties in, input data and observation datasets, and the 519 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Summary and conclusions 554
This study shows that the inclusion of human activities in GHMs can significantly improve the 555 simulation of monthly discharges and hydrological extremes, for the majority of catchments studied. 556
The finding is robust across both managed and near-natural catchments. The global and spatially 557 distributed results presented in this study indicate that the inclusion of human impact 558 parameterizations is associated with improvements in the bias ratio and the variability ratio. Whilst 559 the biases in long-term mean monthly discharge decrease significantly in 36.1-73.0% of the studied 560 catchments due to the inclusion of HIP, the modelling of hydrological variability improves 561 significantly in 31.4-74.4% of the catchments. Estimates of hydrological extremes are also 562 significantly influenced by the inclusion of HIP, although the influence is highly dependent on the 563 location and GHM in question. While HIP generally leads to a decrease (and thus improvement) in the 564 absolute magnitude of simulated high-flows, its impact on low-flows is mixed. 565
566
Even when human activities are included in GHMs, their performance is still limited; this is 567 particularly the case in managed catchments Moreover, the systematic misrepresentation of 568 hydrological extremes across all GHMs calls for a careful interpretation of risk assessments based on 569 their results, and further study into the overarching research theme of water resources, hydrological 570 extremes, human interventions, and feedback linkages. The large variation in performance between 571
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